Abstract
Introduction

Background
Research examining intra-city house price variations often focuses on estimating the implicit price at which buyers and sellers are willing to exchange contracts for structural features, accessibility levels and neighbourhood amenities, using the hedonic price approach (Rosen, 1974; Cheshire and Sheppard, 1998) . Applying the hedonic price approach, both geographic and geometric accessibility variables were found to be significant when associating with house prices in London between 1995 -2011 (Law et al., 2013) . The results confirm established relationship between geometric accessibility measures and property values (Desyllas,1997; Chiaradia et al., 2012; Yang, et al., 2015) . However, location differential in house price is argued in this article to not only be captured by accessibility effects but also by local area effect as defined by the street network. This follows from previous spatial configuration research, whereby the topology of a street network relates not only to how we move in space but also how we associate with a place (Dalton et al., 2006; Yang and Hillier, 2007) . This research will propose the concept of Street-based Local Area (SLA) with the aim to test the extent to which SLA has an effect on house prices. The study employs a multi-level hedonic approach in estimating the street-based local area effects on house price using the house price dataset of London in 2011. The remainder of the article is organised as follows: Section One introduces previous research on local area units; Section Two introduces the framework for defining Street-based Local Area; Section Three provides details for the multi-level hedonic price empirical method; Section Four introduces the case study of London and the hedonic price model dataset; Section Five reports the estimation results, and Section Six provides a general discussion of the findings and limitations.
Previous research
An under-explored topic within the field of urban planning and housing studies is the definition of a local area unit. Local area unit here is defined as a geographical unit that is larger than the immediate home area, but smaller than the city (Kearns and Parkinson, 2001) . It is related to the concept of neighbourhood in urban studies which encompass a more complex historical, socio-economic and perceptual constructs that overlap according to the geographical scale (Lebel et al., 2007; Galster 2001; Kearns and Parkinson, 2001) .
Census tracts or ward boundaries are administrative region-based local area units that are commonly used to capture neighbourhood characteristics. Due to convenience, these boundaries were often used in estimating hedonic price models or in defining housing sub-markets (Goodman and Thibodeau, 1998; 2002; Leishman, 2009; Orford 2000) . However, these local area units are seen as arbitrary as it cut across streets and buildings and researchers recognise these definitions do not necessarily capture the qualities of a neighbourhood (Coulton et al., 2001; Ellen and Turner 1997) . One problem of these 'arbitrary' or 'ad-hoc' (Orford, 1999; Goodman, 1977) administrative local area unit is that it creates inconsistent empirical results.
Goodman's early studies (1978;1981) showed traces of this investigation when he found coefficient differences in estimating a hedonic price model comparing between the block level and census tract level for the case study of New Haven. In 1985, Goodman also found segregation indices differed when applied through different levels of aggregation using the case study of Baltimore. Differences between census tracts and the smaller block level aggregation have been attributed to the "fuzziness" and "arbitrariness" of these local geographies. These problems are extended to housing submarket identification as noted by Leishman (2009) . For example, Bourassa (Bourassa et al.,1999) compared housing submarkets defined using either individual dwellings or census tract level data in both Sydney and Melbourne. He found grouping dwelling data achieved different results than grouping census tract ones. These early research found inconsistencies when calculating segregation indices, when estimating multi-level hedonic price models and when defining housing submarket. Recent research also suggests resident perception maps of neighbourhood could be more meaningful than administrative boundaries (Coulton et al. 2001) . It is for these reasons this research will propose the concept of Streetbased Local Area (SLA).
Conceptual framework
A framework for Street-based Local Area (SLA)
Street-based Local Area (SLA) is defined as a local area that is; first street-based, second topological/ configurational, third has membership in discrete form and fourth is larger than a home area but smaller than a city. The concept of SLA borrows from two field, network science and space syntax research. It borrows from network science the concept of community structure which is a characteristic found in many social and biological networks (Girvan and Newman 2002) . It also borrows from space syntax research, the use of a spatial network dual graph in representing a city. This research conjectures that SLA has significant effect on house price and is preferred to ad-hoc administrative region. The plausible reasons are firstly, people perceived the local area on a street network. The street network is therefore able to capture, more precisely subtle differences in an urban environment and more accurately the perceptual definition of a local area than ad-hoc region. Second, the topology of the street network reinforces the socio-economic similarity overtime. As people identify these local areas, this would have an effect on house price. Further discussions would be presented in the last section. In order to define Street-based Local Area, this research will borrow from network science, community detection techniques and from space syntax, the dual graph representation of the city. We will first describe these methods separately and how combining these two sets of methods can construct Street-based Local Area.
Community Detection Method
The objective of community detection is to define a set of subgraphs that maximises internal ties and minimises external ties using strictly the topology of the graph.
These techniques found strong association with social, functional and geographical network groupings (Girvan and Newman, 2002; Guimer`a et al., 2005; Caschili et al., 2009) . A key reason in the use of community detection techniques on defining SLA is the spatial homogeneity within a network cluster could be related to the socialeconomic or perceptual homogeneity found in neighbourhoods or local areas.
Previous research did not apply such techniques on the street network to find locality. Therefore, a key contribution of the research is the application of community detection techniques on the street network dual graph.
Defining SLA using the street-network dual graph
In graph theory, a spatial street network is a type of planar graph embedded in Euclidean space. Two types of spatial street network graph could be defined: the spatial primal graph (PG), whose vertices are junctions and edges are streets, or the spatial dual graph (DG) whose vertices(u) are streets and edges(e) are junctions (Porta et al., 2006) . The ladder had been made popular from space syntax research (Hillier and Hanson, 1984. ( , ) u is the node (street segments) e is the edge (junctions) Equation (1) This study will employ community detection technique on the spatial dual graph of the road centre line in defining SLA (Turner, 2007) . More formally, SLA is defined as a discrete subgraph (subset) of the spatial dual graph DG. All vertices (streets) classified within each subgraph shares a membership.
SG is the subgraph DG is the spatial dual graph K is the number of subgraph Equation (11) A rationale in the use of the dual graph representation is that a property is on a street rather than on a junction. Community detection on a primal graph will pick out clusters of connected junctions rather than clusters of connected streets. The next section will describe the community detection method that identifies the subgraph.
Multi-level Modularity Optimisation Algorithm on the street-network dual graph
Large numbers of research had been conducted concerning the identification of community structures. Many algorithms were proposed including modularity-based algorithm, the Spinglass Algorithm, the Walktrap algorithm, the Betweenness Cut algorithm and the Vertex Propagation algorithm (Reichart and Bornholdt, 2004; Raghavan, et al., 2007; Newman and Girvan 2004; Pons and Latapy, 2006) This study in particular adopts the Multi-level Modularity Optimisation algorithm on the street-network dual graph to identify Street-based Local Area (SLA). The technique is one of the most commonly used community detection method that is known for its efficiency and accuracy (Blondel et al., 2008; Lancichinetti and Fortunato, 2009) 
The algorithm optimises against a community quality function called Modularity. is defined where A is the adjacency matrix, m is the total number of edges in the graph, ki and kj are the degrees for vertex i and vertex j. is 1 if i and j are in the same community and zero otherwise.
A is the adjacency matrix m is the total number of edges Ki and Kj are the degree for the two subgraphs i,j is a Kroneckar Delta function which equals 1 when its argument are the same and 0 otherwise. (Girvan and Newman, 2002) Optimisation against the above function is currently impossible to solve for large datasets 2 . As a result, a number of heuristic algorithms had been implemented into finding the optimal sub-graph (Girvan and Newman, 2002) . This study will apply specifically the multi-level method (Blondel et al., 2008) in optimising against the modularity function as shown in Figure 3 . Every vertex will then share community membership with its neighbour that attains the highest score.
Equation (2) Modularity(Q) equation
This continues for all vertices. Vertices within the same community will aggregate into a super vertex.
These super vertices will again optimise its modularity, sharing community membership until modularity can no longer be optimised. Diagram produced by the Author.
The multi-level modularity optimisation algorithm starts where every vertex is a sub- This is a class NP-hard problem in computation.
Methodology
Multi-level Hedonic Price Model
In order to answer the research question, this research will adopt the multi-level hedonic price regression model introduced by Orford (1999) and Goldstein (1987) to estimate the Street-based Local Area (SLA) effect on house prices in London. The rationale in the use of multi-level hedonic regression model over a typical OLS hedonic regression model is that it examines hierarchically nested group effects.
Simple OLS models simply ignore average variations between groups whereas individual regression between each local area would face sampling problems and poor generalisation. Examples of multi-level hedonic studies include the aforementioned study from Orford (2001), who provided the evidence to use multilevel models in capturing the hierarchical effects through the case study of the Cardiff. He found that house price variations from the grand mean can be decomposed into variations across enumeration districts, local communities and individual properties. Orford (2001) also found that primary school quality has greater local effect and parks have greater global effect, resulting in a complex geography of juxtaposing location externalities. Empirically, multi-level methods were also able to account for spatial autocorrelation 3 of the error term otherwise known as neighbourhood effect as properties in local areas are more similar than properties in other areas.
The following section will describe the multi-level hedonic regression model used for this study, specifically in modelling the property effect at level 1 and the local area effect at level 2. Due to the scope and length of the paper, the submarket effect at level 3 will be developed in a separate article. In a typical multi-level hedonic framework, the observed variable is a function of two components, a fixed part and a random part. The fixed part can be the mean or a collection of independent variables and the random part is simply the deviation from the mean. If we want to account for the hierarchical local area effects, we will decompose the fixed part into its mean (u) and fixed level predictor (Xi) and the random part into individual local area effect (ui) and its error (eijk).
Y is the observed B is the coefficient for predictors X_i is the predictor u is the mean u_i is the local area random effect e_ijk is the error term Equation (3) multi-level regression model
For the empirical study, we estimate first a base grand mean model then four nested multi-level models for the Street-based Local Area (SLA). When local area effects are included, the dimension of the data increases. As a result, we will estimate The starting point of a multi-level hedonic model is the base model, where there are no explanatory variables specified in the regression model. This is also known as the grand mean model (4). Model 3 (6) is as follows, where HPij is the property price, u is the overall mean, uj is the local area effect on house prices and eij is the error term. B1 is the parameter estimated for space syntax integration and B2 is the parameter estimated for floor area. Model 4 (7) is as follows, where HPij is the property house price, u is the overall mean, uj is the local area effect on house prices and eij is the error term. B1 is the parameter for integration and B2 is the parameter estimated for floor area. In order to compare across the five candidate models, the Akaike Information Criterion (AIC) will be computed. The AIC 9 is a common metric of good fit (in terms of loglikelihood), adjusted for the number of parameters. AIC is calculated for all the candidate models and compared where the lower the criterion, the better the quality of the model. It is a more robust measure of good fit than the loglikelihood.
SLA and Administrative local area model comparison
This section compares the extent to which Street-based Local Area (SLA) differs from other administrative units. The same multi-level hedonic approach specified in section 3.1 is applied to three commonly used administrative units in the UK, namely, statistical ward, lower super output area and medium super output area. Similar to the last section, the candidate models are compared through the AIC goodness of fit.
In total, twenty models are being estimated as described in the chart below. Table 2 Candidate models for all local areas
Datasets and Case Study
The Greater London Area
The Greater London Area in the UK is used as the case study. The extent of the study area is presented in Figure 5 , where the black line indicates the study boundary, the red line indicates the 33 administrative borough boundaries of Greater London (ONS, 2014), and the grey line indicates the meridian line street network. 
Residential Sold Price
This study uses the house price dataset from the Nationwide Building Society. 10 House price in this research is defined as the exchange value between the buyer and seller. A total of 5344 observations from 2011 are used. price and blue indicates a lower house price. The thematic distribution in GIS is calculated using the natural break method for 8 bands. 
London Street Network
The London pedestrian street network is used to compute the accessibility measure and to construct street-based local areas (SLA) for the empirical study. The basis of the London street network is the Ordnance Survey Meridian 2 network. 11 (Ordnance Survey, 2014) . The spatial network dataset has a total of 113,555 street segments as illustrated in Figure 7 .
11 Ordnance Survey Open Data Meridian 2 Dataset. © Crown Copyright {2014} 
Descriptive Statistics
In the hedonic approach, structural features, accessibility levels and neighbourhood amenities were often included in the empirical model (Rosen, 1974; Cheshire and Sheppard, 1998) . Below are a set of variables included for the study. This includes structural features such as property size, dwelling type (flat, house, terrace), location accessibility such as street network closeness centrality (Law et al., 2013; Xiao et al., 2015) 12 and neighbourhood amenities such as the number of retail units within 800m (Des Rosier et al., 1996) or the secondary school average score within 800m (Black, 1999; Gibbons and Machin, 2003; 2008 and a mean property age of 85 years old.
12 Spatial network closeness centrality or integration in the spatial configuration literature measures the reciprocal sum of the shortest path between every origins (i) to every destinations (j). (Sabidussi, 2005 as mentioned in Iida and Hillier, 2005) Spatial Network Closeness centrality were found to have significant positive association with house price suggesting places that are more central achieve higher house price (Xiao et al., 2014; Law et al., 2013 
London Street-based Local Area
Applying the multi-level modularity algorithm described in 2.4 on the OS Meridian 
London Administrative Local Area Units
Below is a table describing the three administrative local area units to be compared with the street-based local area in the following empirical study. The smallest are LSOA level followed by the MSOA level and Ward level 13 . 
Empirical Results
The following section illustrates the empirical results for this article. We will first test the significance for house prices using the multi-level hedonic approach as specified in section 3.1. This will be followed by a comparison between the SLA housing submarket as specified in section 3.2 and a comparison with other administrative units as specified in section 3.3.
Street-based Local Area -Multilevel Regression Results
The first part in the analysis is to study the extent to which SLA effects are evident in associating with house price variations as specified in section 3.1. The LR test (Prob>0.05) 0*** 0*** 0*** 0*** 0*** significance. These improvements show that evidently the housing market is hierarchically nested in at least two levels, namely property level and local area level. Model 5. The P-value shows weak significance at the Prob>0.01 level. This confirms previous research on the use of multi-level hedonic models in reducing spatial autocorrelation (Orford, 1999) . For details please see appendix A.
SLA and Administrative local area comparison
This section compares the five candidate models using different local area units.
Similarly, the LR tests for all five candidate models are significant at the prob>0.01
level. Figure 11 below shows a goodness of fit comparison between the five local area units using AIC. SLA is denoted in light blue, ward is denoted in orange, MSOA is denoted in grey and LSOA is denoted in yellow. levels. The result also showed clear differences in results across different administrative units confirming previous research (Goodman, 1978) . The result also showed SLA is consistently preferred to all the other administrative units, including electoral wards, MSOA and LSOA. Together, this evidence confirmed street-based local area effect on house prices.
Discussion
The main contribution of the research is the novel application of community detection techniques on the street network dual graph to defining Street-based Local Areas (SLA) in London. The results showed that local areas have a significant effect on house price variations. The results also showed that SLA is able to capture socioeconomic similarity more accurately than region-based local area units. The plausible reasons are threefold; firstly, people perceived the local area on a street network. The street network is therefore able to capture, more precisely subtle differences in an urban environment and more accurately the perceptual definition of a local area than ad-hoc administrative region. To explain this concept, we will go to figure 12, which illustrates two distinct local areas connected via a bridge (one in orange and one in green).
Figure 12
The top image illustrates a graph. The bottom image illustrates an obvious division between two subgraphs connected via a bridge. The subgraph to the left is coloured orange and the subgraph to the right is coloured green and the bridge is coloured grey.
If we pick any orange node randomly in the network, the chances of ending up in another orange node is much greater than a green node. Using this analogy, the probability of walking within the same subgraph or identifying the highly connected subgraph as a local area is much greater than in another subgraph. On aggregate, the topology of the street network could capture more accurately the perceptual definition of a local area. The result could also provide linkage between spatial network clusters and collective perception of neighbourhoods. To verify this, future empirical research would be needed where individual perception maps are compared to street-based local area units (Coulton et al. 2001 ).
Secondly, the topology of the street network reinforces socio-economic similarity within the local area and overtime reinforces the perception of the local area. To illustrate this, we go back to the conceptual diagram in figure 12 where we run a conceptual simulations of an agent walking in this network in figure 13. 14
Figure 13
This figure illustrates two simulations of an agent starting from a different orange node who walks randomly around the graph. The first simulation shows the walker took 9 steps to reach the bridge. The second simulation shows the walker took 8 steps to reach the bridge. This illustrates that a random walker is likely to stay longer within a local area purely by chance when there is greater intra-cluster connectivity.
The simulation starts by having an agent that starts from a random orange node then randomly walks to a connected node. The number of random steps required to reach the green subgraph would then be recorded. The first simulation in the figure shows an agent took 9 steps to reach a green node. The second simulation in the figure shows an agent took 8 steps to reach a green node. A plausible future is that, over time, differences between areas will become more pronounced as like-minded people cluster together and bump into each other. This thus reinforces socioeconomic similarity within a SLA and the boundaries between SLA. Plausible processes allowing this to happen include crowd herding behaviour and bounded rationality where information is constrained within the local area (Benerjee, 1992; Simon, 1957) . To verify this, a key question to ask in the future is to what extent do social constructs, perceptual clusters and topologic clusters overlap with SLA across space and time.
Thirdly, as people identify these local areas they would make decisions based on it.
The local area becomes part of the housing bundle leading to it having an effect on house price. For example, when we purchase a property in Kensington, we are also buying a Kensington local area premium as part of the housing bundle. Therefore, given the exact same house, a buyer would value a house more similarly to one within the same local area than to one in another local area. From the geographical science perspective, this could also be interpreted through Tobler's first law, where properties that are closer to each other are likely to be more socio-economically similar than properties that are further away (Tobler, 1970) . Overtime, local areas would become more socio-economically homogeneous reinforcing further the effect on house price.
Benefits and Limitations
There are a number of benefits in defining Street-based Local Area (SLA). Firstly, by using the street network as the geographic unit, it can reduce the modifiable areal unit problem of using region-based geographies. Second, SLA can capture more accurately subtle differences in urban environments than ad-hoc administrative regions. Third, as the street network is clearly the most permanent of all morphological elements, SLA can be considered as a slow dynamic. The slowness allows the data to be consistently compared across time but at the same time dynamic enough to reflect the changes of the street network and morphology. To demonstrate the benefits, we run the simulation as described in figure 13 multiple times. Figure 14 illustrates the average number of random steps an agent at an orange subgraph would take to reach the green subgraph over 500 times and four different configurations. With one bridge, it takes on average 40 random steps, with two bridges it takes on average 30 steps, with three bridges it takes on average 15 steps and with four bridges it takes on average 10 steps. One can clearly see that the more bridges there are between the two subgraphs the lower the number of average random steps any agent will need to reach the adjacent subgraph. The simulation shows if we add one more bridge across the two Street-based Local Areas (SLA), the probability of ending up in a green node would increase substantially. The result shows how the network approach can identify subtle differences in an urban environment but also how local area boundary and socio-economic spillover could be influenced by these subtle differences of the grid.
The definition of SLA is not without its concerns. First, this research suggests on aggregate, SLA is able to capture subtle differences of an urban environment more accurately than region based methods. However, at an individual-level more research is required to understand and confirm how this happened and what are the processes that influences the construction of individual cognitive boundaries (Tolman 1948) . Second, considering the street network provides an entirely singular approach to defining local area. When a grid is highly uniform and connected, street network connectivity might not be adequate in defining local area. For example, in central London or in many American CBD, the grid is too uniform to be separated by the grid. Instead, these areas might be more defined by other dimensions such as morphological, sociological, economical and historical characteristics. This constraint the feasibility of the method to be used in spatial planning. Future research are recommended to focus on joining these inner constructs in defining a more comprehensive definition of local area or neighbourhood for planning.
Third, the use of the multi-level modularity optimisation method defines sharp local area boundaries which contradicts to previous research in describing neighbourhoods as fuzzy and overlapping (Alexander 1964) . To overcome this limitation, one approach is to apply fuzzy-logic memberships in community detection.
Lastly, research is needed to examine how Street-base Local Areas (SLA) can improve existing housing research such as the definition of housing submarkets.
This will be discussed in a future article in applying street network attributes in housing submarket formation.
Despite the limitations of the approach, the definition of Street-based Local Area (SLA) is important as, it links the geometry of the street network to how we perceive local area. For real estate economists, this research highlights local area effects on house price which is important in house price prediction models. For urban planners, this research reveals considerable evidence or a belief that neighbourhoods are not only defined by socio-economic or historic dimensions but perhaps also through their spatial network topology/configuration. This is important, as administrative census tract had been used in many aspects of spatial planning. Street-based methods could therefore provide an alternative to ad-hoc administrative local geographies for neighbourhood planning and policies. 
Appendix A
